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Abstract
Little evidence exists on the effect of the Affordable Care Act (ACA) on criminal behavior,
a gap in the literature that this paper seeks to address. Using a simple model, we argue we
should anticipate a decrease in time devoted to criminal activities in response to the expan-
sion, since the availability of the ACA Medicaid coverage raises the opportunity cost of crime.
This prediction is particularly relevant for the ACA expansion since it primarily affects child-
less adults, a population likely to contain individuals who engage in criminal behavior. We
validate this forecast empirically using a difference-in-differences framework, estimating the
expansion’s effects on panel datasets of state- and county-level crime rates. Our estimates sug-
gest that the ACA Medicaid expansion was negatively associated with burglary, vehicle theft,
homicide, robbery, and assault. These crime-reduction spillover effects represent an important
offset to the government’s cost burden for the ACA Medicaid expansion.
Keywords: Health Insurance, Affordable Care Act (ACA) Medicaid Expansion, Criminal Be-
havior.
JEL Classification: I13, K14, K42.
Conflict of Interest Statement: The authors have no conflicts to disclose.
Running Title: The Effect of Health Insurance on Crime
∗We thank Patrick Warren for helpful comments and Marisa Domino for her editorial guidance. All errors are our
own.
†Qiwei He: Corresponding Author; The bulk of Dr. He’s work on this project was performed while he was
a doctoral student in the John E. Walker Department of Economics at Clemson University. His current affiliation is:
Department of Global Health, China National Health Development Research Center, Wudongdalou, 9 Chegongzhuang
Street, Xicheng District, Beijing, 100044, China. Email: heqw@nhei.cn; phone: +86 13874804616.




Among the most important governmental functions in the USA in recent decades has been improv-
ing population health and preventing crime. Both activities impose substantial costs on society.
Recent estimates for the USA have put total annual health care spending at $3.5 trillion (Martin
et al., 2019) and the yearly cost of crime at $1.7 trillion (Anderson, 2014) – a combined total
representing more than a quarter of national output. When the federal government passed the
Patient Protection and Affordable Care Act (ACA), one of its goals was to address the costs asso-
ciated with health care, but in the process, it may have inadvertently addressed costs from crime,
as well. One of the ACA’s primary features was its Medicaid expansion, which targeted (among
others) young, poor, childless adults, a group with low health insurance coverage rates historically
(Broaddus, 2010) and one of the demographics most prone to crime (Farrington, 1986). In this
article, we investigate the possibility that the expansion of Medicaid may have affected crime rates
in the USA.
There are at least three reasons to expect that Medicaid health insurance could have an effect on
criminal behavior. The first two derive from Medicaid’s nature as a government transfer program.
A large literature suggests that government transfer programs have been effective in reducing re-
cidivism and crime (Mallar and Thornton, 1978; Berk et al., 1980; Berk and Rauma, 1983; Foley,
2011; Yang, 2017; Beach and Lopresti, 2019; Carr and Packham, 2019; Palmer et al., 2019; Tuttle,
2019).1 These crime effects appear to be driven by the income transfer features of these programs,
which do two related things: they make life outside of prison better, increasing the incentives to
avoid crime which may result in prison; and they provide financial security, which decreases the
need to resort to crime to make ends meet. Medicaid qualifies along both of these dimensions,
since its availability when not incarcerated increases access and consumption of health care and
even self-reported health, while also limiting financial exposure to medical bills and debt that might
induce some individuals into criminal behavior (Finkelstein et al., 2012).
1In some cases, government programs have also been found unable to decrease crime, or, less often, to increase it
(Jacob et al., 2015; Carr and Koppa, 2017; Costopoulos et al., 2017; Luallen et al., 2018).
1
The third reason is that Medicaid increases access to treatment for those suffering from be-
havioral disorders or drug addiction. A large body of research has shown that substance abuse
treatment is effective at reducing crime and recidivism (e.g., Marsch, 1998; Lurigio, 2000; Pren-
dergast et al., 2002; Campbell et al., 2007; Mitchell et al., 2007; Deck et al., 2009; Bondurant et
al., 2018), and while the literature on the effect of mental health treatment is less conclusive, it is
suggestive of a small or moderate crime reduction (e.g., Cuellar et al., 2004; Evans Cuellar et al.,
2006; Morrissey et al., 2007; Frank and McGuire, 2011; Constantine et al., 2012; Martin et al.,
2012; Van Dorn et al., 2013; Morrissey et al., 2016). If Medicaid helps newly eligible individuals
obtain treatment for mental health issues they would otherwise ignore (or treat less effectively), it
could potentially induce a reduction in overall crime rates.
We formalize the notion that Medicaid could influence crime via a simple model that focuses on
the government transfer program aspects of Medicaid. It predicts that Medicaid expansion would
decrease the time allocated to illegal activities for eligible individuals under reasonable assump-
tions. We test this prediction empirically by performing a difference-in-differences (DID) analysis
on both state- and county-level data for crime rates in the USA. Our findings indicate that the ACA
Medicaid expansion reduced burglary by 3.8 percent, vehicle theft by 10.4 percent, homicide by
8.1 percent, robbery by 6.3 percent, and assault by 2.9 percent in expansion states. These findings
are robust to a variety of alternative specifications. A back-of-the-envelope calculation indicates
the value of this reduction in crime to expansion states is more than $10 billion per year.
Two recent papers also study the effects of Medicaid expansions on crime, finding results
consistent with ours. Wen et al. (2017) found the expansion of Medicaid via Health Insurance
Flexibility and Accountability waivers during 2001-2008 reduced robbery, assault, and larceny.
They attributed these effects to reduced substance abuse via increased treatment. Vogler (2017)
also studies the ACA Medicaid expansion and uses an approach similar to our primary, state-
level analysis, finding crime-reduction effects similar to ours. Our work complements Wen et al.
(2017) by studying an expansion that is much broader and by developing an incentives-focused
theoretical model instead of one focused on a substance abuse mechanism. We differ from Vogler
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(2017) via our discussion of a theoretical model of health insurance and crime, longer data se-
ries, border-county-level analysis, and avoidance of endogenous police-spending control variables
(Levitt, 2002).2 Together, these papers and ours form a new literature that provides significant
evidence for an effect of health insurance – specifically Medicaid – on crime.
2 Background
Medicaid is a federal and state partnership that provides free or low-cost health insurance coverage
to a substantial number of lower-income Americans. Until the ACA, eligible individuals were
primarily pregnant women, parents, the elderly, and the disabled. The ACA expanded eligibility
to adults without children with household incomes at or below 138 percent of the federal poverty
level. This included young adults that are most prone to criminal behavior. Originally intended
to cover the entire country, the 2012 Supreme Court decision, National Federation of Independent
Business v. Sebelius, gave states the option to participate in the ACA Medicaid expansion, resulting
in a partial implementation across states. When the expansion took place on January 1, 2014, 24
states and Washington D.C. participated, and by January 2017, that number had risen to 31 plus
Washington D.C. (see Table 1).
States that chose to expand saw large increases in Medicaid coverage rates. In 2014, the in-
crease was about 11 percentage points while in 2015 it was approximately 16, an increase of
roughly 50 percent (Wherry and Miller, 2016; Frean et al., 2017; Miller and Wherry, 2017).
Among young adults, Medicaid coverage rates increased by about five percentage points in 2014
and nine in 2015 (Wehby and Lyu, 2018). For young adults with incomes under 138 percent of the
poverty level, public coverage increased by about 11 percentage points (McMorrow et al., 2015).
Furthermore, Medicaid coverage was also found to increase substantially for subpopulations of in-
dividuals with opioid or other substance abuse issues (Feder et al., 2017; Meinhofer and Witman,
2Vogler’s work and ours were performed independently and concurrently. His draft was first publicly posted on
SSRN when the first draft of this paper was being finalized. Despite the similarity of the main analyses of these papers,
they also differ along essential dimensions. However, we obtain very similar results to his when we include police
controls and use the same sample period as him (see Appendix Table 3).
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2018; Maclean and Saloner, 2019) as well as individuals with histories of involvement with the
criminal justice system Winkelman et al. (2016),3 and those with both history of justice system
involvement and substance abuse disorders (Saloner et al., 2016).
Increases in coverage allow eligible individuals to have greater access to health care services,
including for mental health and substance abuse treatments, as the vast majority of states’ Medi-
caid programs cover such services (The Henry J. Kaiser Family Foundation, 2018). Surprisingly,
though, the literature has found mixed results regarding whether the increases in Medicaid cover-
age for those with substance abuse problems resulted in additional substance addiction treatment
(Saloner et al., 2016; Feder et al., 2017; Meinhofer and Witman, 2018; Maclean and Saloner,
2019). For this reason, when we discuss a theoretical framework for a relationship between crime
and Medicaid in the next section, we focus on the government transfer rationale, rather than a
medical treatment effect that presumably works through substance use disorder or mental health
treatment mechanisms.
3 The Theoretical Relationship Between Medicaid and Crimi-
nal Behavior
Modern theories of criminal behavior stretch across several disciplines, but two of the most preva-
lent come from the economic model of Becker (1968) and the self-control framework of Gottfred-
son and Hirschi (1990). Becker emphasized a utility-maximizing choice framework underlying
decisions to engage in crime. Gottfredson and Hirschi acknowledged the role of cost-benefit deter-
minations,4 but emphasized the role of individual differences in self-control (or lack thereof) that
are stable over time. They note that low self-control helps explain phenomena that are difficult to
3A recent study by Winkelman et al. (2017) found previously-incarcerated young men experienced an increase in
health insurance coverage in 2014 and 2015 that seemed to be driven by private coverage, not public. While this odd
result raises some questions, one expects that private coverage would have similar effects on criminal behavior as those
of Medicaid.
4In fact, the role of optimization is so strong that Gottfredson and Hirschi (1990) felt compelled to emphasize that
“We do not believe that our theory is ‘just another rehash of rational-choice theory”’ (p. 274).
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rationalize under utility-maximization frameworks. Examples include the fact that the propensity
to commit crimes peaks in late teenage years and declines into adulthood and the seemingly low
pecuniary gains of many crimes.
Despite these advantages of the self-control theory of crime, we develop a model in the strain
of Becker’s work for two reasons. First, our goal is not to develop a complete model of criminal
behavior, which would involve notions of self-control, impulsiveness, and related characteristics,
but merely to outline the theoretical role for Medicaid, which is only one of many determinants
of crime. Second, the Medicaid expansion changed the environment in which eligible individuals
make decisions. An optimization framework is ideal for modeling such circumstances, in contrast
to theories involving stable individual characteristics, which do not change when the expansion
occurs, and so are unlikely to be driving expansion responses.
We proceed by adapting the model of Ehrlich (1973), starting with an individual who is poten-
tially eligible to receive Medicaid. He chooses how much time to devote to legitimate and criminal
activities. After choosing, he is either imprisoned or not, with the likelihood of imprisonment
depending on the chosen level of criminal activities. If not imprisoned, he receives utility from
Medicaid coverage and from consuming his gains from legitimate and criminal activities. If he is
imprisoned, he still consumes the gains from his activities, but does not receive utility from Medi-
caid, instead incurring a disutility penalty representing prison and any financial punishments. We
note that while inmates can be enrolled in Medicaid while in prison in some states, federal policy
prevents Medicaid from paying for any services except for hospital stays (Gates et al., 2014). Ad-
ditionally, our model does not require that inmates receive no health care in prison (as prisons do
provide some care), since the driver of behavior is not the lack of care, but an increased cost of
criminal behavior which leads to missing out on the better life with Medicaid outside of prison.
Let Hl and Hc be the hours devoted to legal and criminal activities, respectively, and T the
total time available, so that Hl + Hc = T . We also define wl and wc as the wages for legal and
criminal activities, which are assumed known by the individual, with wl < wc since criminal
activities entail higher risk. While we call these “wages”, they do not have to be thought of as
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payments from jobs, but could represent benefits of other types, such as enjoyment from partaking
in risky criminal activities or from non-monetary, legitimate behaviors like leisure. P (Hc) is the
probability of imprisonment, which increases withHc, possibly at an increasing rate (P ′(·) > 0 and
P ′′(·) ≥ 0). The probability of not being imprisoned, then, is given by 1−P (Hc). Utility when not
in prison is determined by UN = V (wlHl+wcHc)+M , where V (·) represents a risk-averse utility
function of income (V ′(·) > 0 and V ′′(·) < 0), and M > 0 is the individual’s utility valuation of
the difference between the benefits of Medicaid and prison health care. Medicaid benefits include
the value of actual health care received, savings from not paying for alternative insurance, and
financial protection from medical expenses. If the individual is arrested and imprisoned, his utility
is UA = V (wlHl+wcHc)+J , where J < 0 represents prison disutility and any financial penalties.
Given these model features, the individual chooses Hl and Hc to maximize his expected utility,
E[u]:
E[u] = [1− P (Hc)]UN + P (Hc)UA, where
UN = V (wlHl + wcHc) +M ; UA = V (wlHl + wcHc) + J,
s.t.Hl > 0, Hc > 0, and Hl +Hc = T.
(1)
Focusing on an interior solution,5 substituting Hl = T −Hc into E[u], and rearranging we have
E[u] = [1−P (Hc)] {V [wlT + (wc − wl)Hc] +M}+P (Hc) {V [wlT + (wc − wl)Hc] + J} , (2)
where Hc is the only choice variable. The derivative with respect to Hc (after simplifying) is
dE[u]
dHc
= P ′(Hc)(J −M) + V ′[wlT + (wc − wl)Hc](wc − wl). (3)
Setting this equal to zero and rearranging, we obtain
V ′[wlT + (wc − wl)Hc](wc − wl) = P ′(Hc)(M − J), (4)
5By focusing on the interior solution we are essentially limiting our attention to individuals for whom criminal
behavior is a realistic option (such as those with low self-control, in the terminology of Gottfredson and Hirschi) and
excluding those who would be unlikely to commit any crime.
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the necessary (first-order) condition for optimality.6
In equation (4), the left-hand side has the gain from substituting an hour of criminal activities
for legitimate ones, wc−wl, weighted by the individual’s marginal utility at the optimal criminality
level, V ′[wlT + (wc−wl)Hc]. On the right-hand side, the potential penalties of arrest, M − J (the
loss of Medicaid plus prison and fines), are weighted by the marginal increase in likelihood of
being arrested from that additional hour of criminal behavior, P ′(Hc). Thus, equation (4) shows
that, at the optimal choice of Hc, the marginal gain from devoting one additional hour to crime (the
left-hand side) equals the marginal cost from that additional hour (the right-hand side).
When Medicaid expands, the value ofM increases from zero to some positive value, increasing
the value of the right-hand side of the equation (4). For the equation to stay balanced, Hc must
change. When Hc decreases, P ′(Hc) decreases, moving the right-hand side back towards equality,
or stays constant (since P ′′(·) ≥ 0), while simultaneously V ′[wlT + (wc−wl)Hc] increases (since
V ′′(·) < 0), thereby increasing the left-hand side until balance is restored.7 The model, therefore,
predicts that criminal behavior, and thereby actual crime rates, will fall in response to an expansion
of Medicaid. As equation (4) shows, the mechanism driving this behavior is a rising opportunity
cost to criminal activities. Prison forces individuals to miss out on the benefits of Medicaid, so
they reduce activities that can lead to this result. Furthermore, since the model is predicated on
the threat of going to jail, another prediction is that we should not expect to observe large effects
for crimes where jail is unlikely. For example, larceny crimes are usually relatively minor with
less severe punishments Rosenmerkel et al. (2009); Steffensmeier et al. (2015), implying effects
on larceny should be weaker than for more serious crimes involving violence.
Finally, while our model provides useful predictions for our empirical analysis, our model is
not a complete model of criminal behavior and has limitations. One is that Medicaid eligibility
income thresholds are not modeled. For individuals near this threshold, the predictions of our
6The second-order condition requires d2E[u]/dH2c = P
′′(Hc)(J−M)+V ′′[wlT +(wc−wl)Hc](wc−wl)2 < 0,
which is satisfied since we have assumed the individual is risk-averse (V ′′(·) < 0) and the marginal rate of imprison-
ment is constant or increasing (P ′′(·) > 0).
7Note that because of the assumed shapes of P and V , if Hc were to increase, the sides in equation (4) would move
further out of balance.
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model may not hold. For example, those just above the threshold may opt to pursue eligibility
by substituting more criminal activities for legitimate work if it results in reported income falling
below the threshold (presuming criminal income is not reported). Our model abstracts away from
this: income plays no role. We argue the size of the expansion justifies this. Since thresholds
increased from zero to 138 percent of the federal poverty level in most cases, few individuals
gaining eligibility were in the neighborhood of the thresholds and experiencing these more subtle
incentives. Another limitation is that our model ignores the possibility that crime prone individuals
may move to states expanding Medicaid. This could potentially induce a spurious positive crime
effect if the migration is substantial. However, recent research on Medicaid expansions (including
the ACA) has found no evidence of migration effects between states, even for those living near
state borders or with worse health (Schwartz and Sommers, 2014; Goodman, 2017). Nevertheless,
these limitations of our model should be kept in mind by readers when reviewing our empirical
analysis.
4 Data
The crime data used to create the dependent variables for our analysis come from the Federal Bu-
reau of Investigation’s (FBI) Uniform Crime Reports (UCR). State-level crime data for 2010-2016
are directly constructed by the FBI (U.S. Department of Justice, Federal Bureau of Investigation,
2011, 2012, 2013, 2014a, 2015, 2016, 2017a). Aggregated, county-level crime data for 2010-2014
and 2016 are obtained from the Inter-university Consortium for Political and Social Research (U.S.
Department of Justice, Federal Bureau of Investigation, 2014b,c,d, 2017b,c, 2019). The year 2015
is not included in our county-level sample since it has not yet been released to the public. The
UCR collects data on eight major crime categories, but in our analysis we use only six of these.
Arson offense rates were not released by the FBI during this time frame due to incomplete data
collection, and we exclude rape since its reporting definition was revised by the FBI in 2013. The
remaining categories are aggravated assault, criminal homicide, robbery, burglary, larceny-theft,
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and motor vehicle theft. The first three crime categories combined constitute the violent crime
category, while the property crime category is a combination of the last three.
The crimes that form the basis of the UCR crime rate data are those reported to local police
agencies, who report them to the FBI as part of monthly reports. This system has a major advantage
in that it is not a random sample, but closer to a census of police agencies. The FBI reported that the
law enforcement agencies active in the UCR program in 2013 represented 98 percent of the national
population (U.S. Department of Justice, Federal Bureau of Investigation, 2014a). Nevertheless,
there are several limitations to the UCR data. First, police agencies only report on crimes of which
they are aware. Many crimes go unreported to law enforcement and so are missing from the UCR
crime rates. Second, given that law enforcement agencies are in the business of preventing crime,
there is an incentive for police agencies to under-report crime in an effort to give the appearance
of effective policing. Third, Maltz (1999), Maltz and Targonski (2002), and Lynch and Jarvis
(2008) point our that despite the large population covered by reporting agencies, those that do not
report are not random, as they tend to be in areas with smaller populations. They note that this is
particularly a problem of the county-level data.
We take steps to minimize this missing data issue in our analysis. First, our primary results
are based on state-level data. While the non-reporting police agencies still influence state-level
estimates, their impact is minimized since the larger population areas that tend to submit complete
reports have much larger influence on these estimates.8 Second, we weight our regressions by
population, which, as the literature notes, should minimize this issue since it reduces the impact of
smaller regions where the reporting problems are most prevalent (Lott and Whitley, 2003; Maltz
and Targonski, 2003). Third, we drop all observations from our sample for any counties that have
any missing data.9
Our primary independent variable of interest identifies state-years or county-years in which
the ACA Medicaid expansion was adopted and in effect. This is based on detailed information
8Lynch and Jarvis (2008) found that more than 90 percent of agencies with populations above 10,000 reported all
12 months in 1992. For areas with 50,000 inhabitants, the share reporting each month was nearly 95 percent. In 2003,
they found agencies with zero missing months covered almost 88 percent of the national population.
9There are no missing values for the state-level observations.
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on which states adopted the Medicaid expansion, and when, that was collected by the Kaiser
Commission on Medicaid and the Uninsured and the Georgetown University Center for Children
and Families via surveys of state Medicaid offices. The findings were released to the public through
a series of reports published by the Henry J. Kaiser Family Foundation (Heberlein et al., 2011,
2012, 2013a,b; Brooks et al., 2015, 2016, 2017). We supplemented these reports with the summary
of the expansion produced by Kaestner et al. (2017).
Covariates measuring demographics and the economic environment are created using data from
the American Community Survey (Ruggles et al., 2017). Demographic characteristics consist of
age distribution and racial proportion of the population, including the share of young adults be-
tween the ages of 20 and 34 and the shares of white, black, native, and Asian individuals. Eco-
nomic conditions are measured using the Gini Index,10 income per capita, the poverty rate,11 and
the unemployment rate. Additionally, we include contemporaneous and one year lags of state gov-
ernment spending in a few key areas to account for the government investment that may relate to
crime and the Medicaid expansion. These are per capita spending on hospitals and health, public
welfare, and education (U.S. Census Bureau, 2014a,b,c,d, 2015, 2016, 2017, 2018).
We perform our analysis on two distinct samples: one including all states and Washington D.C.
and one with all counties on expansion state borders. The county-level analysis is to account for
geographic conditions that might affect crime, in the spirit of Dube et al. (2010). There are 1,184
of 3,233 total counties located along state boundaries in the USA mainland, and 567 of these 1,184
are located along a boundary between expansion and non-expansion states. Of these, we include
541 counties that have no missing crime rate data over the six year period of our sample.
Table 2 provides means and standard deviations of the dependent variable and covariates for
the state sample. It shows the average crime rates in expansion states are smaller than those in
non-expansion states in property crime categories but slightly larger in violent crime categories.
However, the covariates are quite similar between the two groups. Summary statistics for the
10The Gini index is a measure of income inequality, which Ehrlich (1973) argued served as a measure of the potential
gains to crime.
11Poverty is measured as having a family income lower than the federal poverty level.
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border county sample are reported in Table 3. Most average crime rates in expansion states are
slightly higher than in non-expansion states, but overall the differences in all variables are much
smaller than in the state sample.
5 Methodology
We estimate the effect of Medicaid on crime rates by comparing changes in the natural logarithm
of reported crime rates for expansion states to those of non-expansion states before and after the
ACA Medicaid expansion. That is, we base our estimates on a DID model given by:
ln(Crime rate)lt = β1Medicaidst +Xltλ+ ρl + τt + ult. (5)
Here, t indexes years while l indexes the geographical level of the analysis, either state, s, or
county, c. States’ decisions about adopting the Medicaid expansion are expressed by a dummy
variable, Medicaidst, which equals one if state s adopted the Medicaid expansion in or before
year t, and zero otherwise. In states that adopted the expansion after January 1st, 2014, we set
Medicaidst equal to one in the actual calendar year of the expansion if it occurs before July 1, but
assign it in the following calendar year otherwise. In our analysis of county data, counties take the
expansion assignments of their states. The dependent variable, ln(Crime Rate)lt, represents the
natural logarithm of the number of crimes committed per 100,000 residents. At the county level,
some observations have zero values, so we add one to the crime rates before taking the logarithm.12
We represent a vector of state- or county-level demographic, economic, and government spending
measures by Xlt,13 while ρl is a set of state or county fixed effects, τt a set of year fixed effects, and
ult the error term. We cluster the standard errors at the state-level to account for serial correlation
(and correlation within states in our county-level analysis). As noted above, we use the state or
12Zeros are most prevalent for homicide, where more than half of county-year observations have zero values. Rob-
bery has the next most frequent zeros, at more than a quarter of observations. Vehicle theft is third with greater than
five percent zeros.
13Specific demographic, economic, and government spending controls are listed in the section above. Government
spending variables always vary at the state level and enter equation (5) in logarithmic form.
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county populations as weights, which implies our estimates reflect the effect on the average person
in the population and that more populous states or counties have greater influence on estimates.
We also estimate variations of equation (5) to examine the stability of our results. First, we
produce estimates of the Medicaid effect for each year (omitting 2013 as the reference period).
This “event study” specification allows us to examine the pre-trends in crime rates and how the
effects of the expansion evolved over time (Autor, 2003; Kaestner et al., 2017). Second, we exclude
five expansion states that implemented full expansions to both parents and childless adults prior to
2014, and three non-expansion states that had limited Medicaid expansions before 2014 (Kaestner
et al., 2017).14 Third, we limit our sample to only states that share borders with Medicaid expansion
states. Forth, we re-estimate our models with additional time trend controls to remove crime trends
unrelated to the Medicaid expansion and that are not captured by other variables. In one we include
state-specific, linear time trends and in another treatment-specific, linear time trends. Fifth, we also
run our main regression without year 2014 to investigate whether the crime reduction effect of the
expansion was concentrated in that year. Sixth, to examine whether our results are concentrated in
one state, we drop each state in turn from our data and re-estimate equation (5) for the aggregated
crime categories.
We also examine the robustness of our standard errors by calculating p-values using permu-
tation methods (Ernst, 2004). To do so, we randomly assign 32 states to the Medicaid expansion
10,000 times, re-estimating equation (5) each time for each crime category. We then calculate
p-values as the share of re-estimations that produce a Medicaid effect with an absolute value more
extreme than the absolute value of our main result.
14The excluded states are Maine, Tennessee, and Wisconsin from the control group, and Delaware, Washington,
D.C., Massachusetts, New York, and Vermont from the treatment group.
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6 Results
6.1 Effects of the ACA Medicaid Expansion on Crime Rates
Table 4 reports our main results for each of the eight crime-rate categories. Columns (1) and (2)
present estimates for our state-level sample while columns (3) and (4) contain those based on the
county-level sample. For each sample, we provide two versions of estimates for equation (5),
one without controls for demographics and economic conditions, and one with – our preferred
specification.
Overall, we find that that the ACA Medicaid expansion is associated with reductions in crime,
a result that is consistent with our expectations based on our theoretical reasoning. All estimates
take negative values, though not all are statistically significant at conventional levels. The effects
are generally stronger for violent crimes than for property crimes, another result consistent with
our expectations, since violent crimes tend to carry more severe punishments than property crimes.
Moreover, our weakest results are consistently found for the larceny category, which carries the
least severe punishments of the six sub-categories. Additionally, whether with or without controls,
or using state- or county-level crime rates, we obtain estimates that are qualitatively similar.
For property crime, we obtain statistically significant estimates suggesting the expansion re-
duced burglary and motor vehicle theft, but not larceny-theft nor overall property crime (roughly
two-thirds of which is comprised of larceny). Our preferred estimates in column (2) indicate that
the burglary rate fell by 3.75 percent (p < 0.1) in expansion states relative to non-expansion states,
corresponding to a decline of about 21.42 offenses per 100,000 inhabitants.15 For motor vehi-
cle theft, our estimates indicate a reduction of 10.4 percent (p < 0.05), or approximately 21.68
offenses per 100,000 in expansion states. Our estimates obtained using the contiguous-border
counties are qualitatively and quantitatively similar to our state-level results.
For violent crime, our state-level estimates are significant and negative in each category when
we include controls, and in three of four when we do not. For homicide, our preferred model
15Our calculations here for offenses in the burglary and motor vehicle theft categories use rates of 571.08 and 208.48
offenses per 100,000 inhabitants, respectively, for expansion states in 2013.
13
(column 2) estimates a 8.13 percent reduction (p < 0.05), corresponding to 0.35 fewer homicides
per 100,000 inhabitants.16 Robbery is reduced 6.33 percent (p < 0.05), or 6.82 robberies per
100,000, while we find assaults fell by 2.92 percent (p < 0.05), corresponding to 6.75 fewer per
100,000 in expansion states. Moreover, for aggregated violent crimes, we obtain a reduction of
4.43 percent (p < 0.01), implying almost 15.21 fewer violent offenses per 100,000 inhabitants in
expansion states, which is mainly driven by the declines robberies and assaults.
In our contiguous-county sample in columns (3) and (4), we obtain similar results as from our
state-level data for the robbery and overall violent crime categories. For homicide and assault,
however, our estimates are not statistically significant even though the magnitudes of our estimates
are similar. This would seem to be driven by the fact that the distributions of the county-level crime
rates tend to exhibit more spread (as seen by comparison of standard deviations in Tables 2 and 3)
than our state-level rates. Nevertheless, overall we find the effects for border counties are largely
consistent with corresponding estimates generated using our state sample.
Appendix Figures 1 and 2 present visualizations of our estimates from column (2) of Table
4. Solid blue lines represent predicted crime rates for Medicaid expansion states, while the short-
dashed, red lines represent the predicted counter-factual crime rates in expansion states in the
absence of the expansion. The long-dashed, green lines represent predicted rates for non-expansion
states. Both figures illustrate the declines in crime rates in expansion states after 2014, as implied
by our estimates in Table 4.
6.2 Event Study Model
In Figures 1 and 2 we present plots of coefficients from estimating our event study specification
on our state-level sample (with Appendix Table 1 containing these results in tabular form). Here
the coefficients represent the difference between crime rates in expansion states less those in non-
expansion states. Reviewing these estimates, we find evidence of similar trends between expansion
16In this paragraph, we base our offense calculations on crime rates for homicide, robbery, assault, and aggregated
violent crime of 4.3, 107.75, 231.28, and 343.33 offenses per 100,000 inhabitants, respectively, for expansion states in
2013.
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and non-expansion states during the period preceding the ACA expansion in 2014. None of our
pre-2014 estimates are statistically significant individually, nor are they jointly, as Appendix Table
1 shows. This result is consistent with the parallel trends assumption underlying DID analyses.
Additionally, the event study estimates also reveal that the expansion had significant crime reduc-
tion effects for all crime categories except larceny and aggravated assaults in 2014, but these effects
diminished over 2015 and 2016. F-test p-values in Appendix Table 1 for joint tests of significance
for post-treatment coefficients indicate they are jointly statistically significant for motor vehicle
theft (p < 0.1), homicide (p < 0.05), and robbery (p < 0.01), as well as for the aggregated violent
crime category (p < 0.05). However, there is only one coefficient across all categories that is
significant during 2015 or 2016 on an individual basis (2015, vehicle theft, p < 0.1). One potential
explanation for this is that the expansion increased demand for health care, creating a shortage.
This would degrade the value of Medicaid to eligible individuals, reducing incentives to cutting
criminal behavior. While such a theory would be difficult to verify, there is some evidence that the
expansion increased the likelihood that low-income individuals delayed care because of difficulty
obtaining appointments for services (Miller and Wherry, 2017).
Figures 3 and 4 plot results from our event study model for contiguous-county crime rates
(Appendix Table 2 reporting the numeric versions). The results from this sample are, again, largely
consistent with the state-level data, but there is one notable difference. Here we do not find that
the effects of the expansion diminish over time. In fact, for the overall categories of property and
violent crime, our point estimates for 2016 are slightly larger than those in 2014. This is also true
for four of six sub-categories. One could argue this is consistent with the possibility of a shortage
caused by increased demand. Since border counties tend to be less-populous, shortages there may




Table 5 presents results for several robustness checks, all of which are based on our preferred
specification which includes all controls. Column (1) reproduces our main results based on this
preferred specification. In the first robustness check, reported in column (2), we drop several states
that had implemented some version of expansions before 2014. Estimates are somewhat larger in
magnitude for property crime categories and slightly smaller for violent ones when compared to
our main results, but overall they are qualitatively similar. Column (3) contains results when limit-
ing our sample to states sharing a border with an expansion state. Here we again find estimates that
are similar to those of column (1), with the most notable difference being the insignificant burglary
estimate, though it is larger in magnitude than that from column (1). Columns (4) and (5) report re-
gression estimates from models including state-specific and treatment-specific, linear time-trends,
respectively. In almost every case, the point estimates increase in magnitude as compared with our
main results. In column (6), we present state-level estimates after excluding the year 2014. Here
we find only one estimate, motor vehicle theft, is statistically significant at a conventional level
(p < 0.1). Our estimates generally decrease in magnitude and also become much less precise,
though all estimates remain negative. These results formalize the observation from our event study
results above that the effects in our state-level data were concentrated in 2014.
In the final column in Table 5, column (7), we report p-values produced by randomly assign-
ing states to the Medicaid expansion and re-estimating our preferred specification 10,000 times.
According to these p-values, our main estimates for vehicle theft, homicide, robbery, and the aggre-
gated violent crimes category are significant at the five-percent level, while burglary is significant
at ten-percent. These inference outcomes are substantially consistent with our significance results
in column (1).
Finally, Appendix Figure 3 presents results from dropping each state in turn from our sample
and re-estimating our DID model, equation (5). We performed this exercise for both aggregate
crime categories. This figure shows that for property crime, four states’ exclusions result in notable
reductions in magnitude for our estimates. Nevertheless, our estimates for violent crime show little
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change when excluding these (or any other) states. Moreover, in every case (including the four
mentioned) our estimates remain negative. Thus, this exercise suggests our results are not driven
primarily by one state.
As a whole, the results presented in Table 5 and Appendix Figure 3 show that the estimates
from our preferred regression persist across a range of robustness checks.
7 Conclusion
In this paper we discuss the theoretical and empirical evidence for a relationship between the ACA
Medicaid expansion and crime in participating states. We argue theoretically that the expansion
increases the opportunity cost of criminal behavior, thereby reducing crime rates when individuals
substitute legitimate activities for criminal ones. We test this theory empirically using a difference-
in-differences research design and panel data on crime rates in the United States. We estimate
statistically significant crime reductions in Medicaid expansion states in the categories of burglary,
vehicle theft, homicide, robbery, and assault. Our estimate for larceny is also negative, but not
statistically significant. These effects appear to diminish over time in estimates based on state-
level crime rates, but not in ones based on county-level data. Our results remain stable across a
range of robustness checks.
To put these findings into context, we use our estimates to perform a back-of-the-envelope
calculation of the annual welfare benefits of crime reduction to expansion states. We base this
calculation on estimates produced by McCollister et al. (2010) of the total social cost per criminal
act by category. These cost estimates include tangible costs to crime victims, the costs of the crim-
inal justice system, the opportunity costs of criminals (who forgo gains from legitimate activities),
as well as intangible costs to victims, such as pain and suffering. Based on these per offense esti-
mates, in 2013, total welfare costs of crime in expansion states were about $8.2 billion for burglary,
$5.7 billion for motor vehicle theft, $90.1 billion for criminal homicide, $11.3 billion for robbery,
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and $52.9 billion for aggravated assault (all in 2019 dollars).17 As shown in Table 6, we estimate
that the Medicaid expansion reduced these welfare losses for adopting states by just under $10.5
billion per year. This reduction is composed of $0.31 billion in burglary, $0.59 billion in vehicle
theft, $7.33 billion in homicide, $0.71 billion in robbery, and $1.55 billion in assault. 18 Given
that Wolfe et al. (2017) estimated the total cost to the government of the ACA Medicaid expansion
in 2017 to be $74.3 billion (in 2019 dollars), our welfare calculation implies that the crime effect
spillover offsets about one-seventh of the cost burden of the ACA Medicaid expansion.
Finally, in December 2018, a federal court ruled the ACA unconstitutional, including its Medi-
caid expansion. Currently, the law will remain in effect as challenges to the ruling make their way
through the legal system, but the future of the ACA is uncertain: unless the ruling is overturned,
the ACA will have to undergo changes to comply with the law. For policy makers considering pos-
sible adjustments, our results show that crime effects should be weighed during the process. If the
expansion is not preserved, participating states could suffer an increase in local crime in addition
to the loss of Medicaid coverage for lower income individuals. To limit the impact of this, states
might consider augmenting other crime prevention policies if a Medicaid contraction occurs.
17These are calculated by multiplying the per criminal act welfare loss estimate from McCollister et al. (2010) for a
category by the total number of offenses for that category in expansion states in 2013.
18For comparison, Wen et al. (2017) and Vogler (2017) both perform similar calculations, with the latter finding a
$14.3 billion welfare gain from the ACA-expansion crime reduction, and the former arguing that a Medicaid expansion
that increases national substance abuse treatment spending by ten percent would lead to as much as a $6.0 billion
reduction in crime (both in 2019 dollars).
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Table 1: Summary of ACA Medicaid Expansion Adoption as of January 2017
Control Group (No Expansion After 2014)
No Prior Expansion Prior Limited Expansions for

















Treatment Group (Expansion on Jan. 1, 2014 or Later)
No Prior Expansion Prior Limited Expansions for Prior Full Expansions for
Parents and/or Childless Adults Parents and Childless Adults
Alaska1 Arizona Delaware
Arkansas California Washington, D.C.
Kentucky Connecticut Massachusetts









West Virginia Rhode Island
Washington
Notes: Expansions taking place after January 1, 2014 include: Michigan (4/1/2014), New
Hampshire (8/15/2014), Pennsylvania (1/1/2015), Indiana (2/1/2015), Alaska (9/1/2015), Montana
(1/1/2016), and Louisiana (7/1/2016). Presentation format adopted from Kaestner et al. (2017)
.
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Table 2: Summary Statistics: All States Sample 2010-2016
All States Expansion States Non-Expansion States
Mean (S.D.) Mean (S.D.) Mean (S.D.)
Dependent Variables:
Crime Rate (per 100,000 residents)
Property Crime 2,713.37 (662.09) 2,666.87 (701.24) 2,791.69 (584.51)
Burglary 580.32 (214.14) 555.44 (197.87) 622.22 (233.89)
Larceny Theft 1,922.97 (451.25) 1,891.58 (503.07) 1,975.82 (342.26)
Motor Vehicle Theft 210.08 (104.20) 219.85 (119.02) 193.64 (70.13)
Violent Crime 338.59 (176.32) 353.71 (197.97) 313.13 (128.83)
Criminal Homicide 4.59 (2.89) 4.62 (3.33) 4.54 (1.94)
Robbery 94.42 (84.91) 106.96 (101.34) 73.32 (37.13)
Aggravated Assault 239.58 (110.36) 242.14 (115.61) 235.27 (101.17)
Control Variables:
State Demographics & Economics
Per Capita Income ($1,000s) 28.40 (4.80) 29.80 (5.19) 26.05 (2.79)
Percentage Gini Index 45.80 (2.19) 45.94 (2.34) 45.57 (1.91)
Percent Age 20-34 20.42 (1.95) 20.50 (2.25) 20.30 (1.30)
Percent White 76.95 (13.57) 76.02 (15.01) 78.52 (10.60)
Percent Black 11.14 (10.90) 10.01 (10.59) 13.05 (11.18)
Percent Native 1.58 (2.79) 1.64 (3.05) 1.48 (2.28)
Percent Asian 3.82 (5.49) 4.85 (6.66) 2.09 (1.20)
Poverty Rate 14.27 (3.13) 13.81 (3.20) 15.03 (2.87)
Unemployment Rate 6.65 (2.11) 6.83 (2.12) 6.35 (2.07)
State Government Expenditures ($ per capita)
Healthcare 2,160.15 (656.02) 2,233.89 (716.34) 2,035.96 (518.65)
Welfare 762.69 (387.84) 884.83 (422.53) 556.98 (190.06)
Education 2,963.99 (610.55) 3,102.31 (579.25) 2,731.02 (592.75)
Observations (States × Years) 51 × 7 = 357 32 × 7 = 224 19 × 7 = 133
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Table 3: Summary Statistics: Contiguous-Border Counties Sample 2010-2014, 2016
All Border Counties Expansion Counties Non-Expansion Counties
Mean (S.D.) Mean (S.D.) Mean (S.D.)
Dependent Variables:
Crime Rate (per 100,000 residents)
Property Crime 1,850.92 (1,180.02) 1,858.03 (1,143.97) 1,838.80 (1,239.47)
Burglary 453.07 (341.80) 464.41 (339.83) 433.72 (344.41)
Larceny Theft 1,297.43 (854.47) 1,296.32 (813.50) 1,299.31 (920.47)
Motor Vehicle Theft 100.43 (108.10) 97.30 (102.46) 105.77 (116.93)
Violent Crime 199.03 (213.33) 199.30 (202.24) 198.57 (231.10)
Criminal Homicide 2.96 (6.05) 2.92 (5.61) 3.02 (6.74)
Robbery 31.24 (61.91) 35.21 (63.18) 24.47 (59.10)
Aggravated Assault 164.83 (173.96) 161.17 (162.23) 171.08 (192.23)
Control Variables:
State Demographics & Economics
Per Capita Income ($1,000s) 23.96 (6.05) 24.14 (5.70) 23.65 (6.59)
Percentage Gini Index 43.12 (3.43) 43.37 (3.28) 42.69 (3.64)
Percent Age 20-34 17.61 (3.87) 17.57 (3.45) 17.68 (4.50)
Percent White 87.41 (14.28) 87.35 (14.62) 87.52 (13.66)
Percent Black 6.10 (11.49) 6.66 (11.87) 5.15 (10.74)
Percent Native 1.88 (7.43) 1.60 (7.48) 2.34 (7.33)
Percent Asian 1.01 (1.67) 1.03 (1.48) 0.96 (1.96)
Poverty Rate 15.47 (6.53) 15.48 (6.39) 15.45 (6.77)
Unemployment Rate 7.81 (3.31) 8.20 (3.18) 7.15 (3.42)
State Government Expenditures ($ per capita)
Healthcare 1,991.55 (481.01) 2,078.51 (511.20) 1,839.21 (368.97)
Welfare 695.12 (256.15) 757.94 (268.70) 588.01 (190.30)
Education 2,833.56 (441.85) 2,927.21 (336.49) 2673.88 (542.93)
Observations (Counties × Years) 541 × 6 = 3,246 341 × 6 = 2,046 200 × 6 = 1,200
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Table 4: Medicaid Expansion Effect on Crime Rates: DID Result
DID Estimates All States Sample Contiguous-Border Counties Sample
(1) (2) (3) (4)
Dependent Variables:
Natural Log of Crime Rate per 100,000 residents
Property Crime -0.0191 -0.0256 -0.0274 -0.0255
(0.020) (0.021) (0.020) (0.017)
Burglary -0.0376* -0.0375* -0.0513* -0.0455*
(0.022) (0.022) (0.031) (0.026)
Larceny Theft -0.0045 -0.0135 -0.0043 -0.00715
(0.019) (0.019) (0.019) (0.017)
Motor Vehicle Theft -0.121*** -0.104** -0.112** -0.0951**
(0.039) (0.045) (0.045) (0.038)
Violent Crime -0.0485*** -0.0443*** -0.0551** -0.0527**
(0.016) (0.014) (0.027) (0.024)
Criminal Homicide -0.112*** -0.0813** -0.0740 -0.0609
(0.036) (0.032) (0.040) (0.042)
Robbery -0.0886*** -0.0633** -0.0802** -0.0705**
(0.029) (0.026) (0.033) (0.033)
Aggravated Assault -0.0221 -0.0292** -0.0335 -0.0396
(0.017) (0.013) (0.031) (0.026)
Control Variables No Yes No Yes
Year Fixed Effects Yes Yes Yes Yes
State Fixed Effects Yes Yes Yes Yes
Observations 357 357 3,246 3,246
Note: * p < 0.10, ** p < 0.05, *** p < 0.01. Estimates weighted by population. State sample includes all states
and Washington, D.C. for the years 2010-2016. County sample includes contiguous-border counties for the years
2010-2014 and 2016. Standard errors reported in parentheses are clustered at the state-level. Each cell corresponds
to a separate DID regression.
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(1) (2) (3) (4) (5) (6) (7)
Dependent Variables:
Natural Log of Crime Rate per 100,000 residents
Property Crime -0.0256 -0.0381* -0.00347 -0.0439** -0.0506** -0.0152 0.2272
(0.021) (0.021) (0.021) (0.020) (0.021) (0.023)
Burglary -0.0375* -0.0472** -0.0394 -0.0658*** -0.0699*** -0.0272 0.0963
(0.022) (0.023) (0.024) (0.022) (0.024) (0.029)
Larceny Theft -0.0135 -0.0261 0.0118 -0.0299 -0.0376* -0.00249 0.5787
(0.019) (0.019) (0.019) (0.019) (0.019) (0.020)
Motor Vehicle Theft -0.104** -0.104** -0.0902** -0.0993*** -0.101** -0.108* 0.0132
(0.045) (0.045) (0.043) (0.036) (0.039) (0.059)
Violent Crime -0.0443*** -0.0363** -0.0322** -0.0452** -0.0584*** -0.0243 0.0288
(0.014) (0.014) (0.012) (0.018) (0.015) (0.023)
Criminal Homicide -0.0813** -0.0632* -0.0939** -0.0952*** -0.0849*** -0.0596 0.0370
(0.032) (0.032) (0.040) (0.035) (0.031) (0.052)
Robbery -0.0633** -0.0526* -0.0504* -0.0907*** -0.0960*** -0.0447 0.0234
(0.026) (0.028) (0.028) (0.022) (0.019) (0.038)
Aggravated Assault -0.0292** -0.0233* -0.0235* -0.0167 -0.0340* -0.00793 0.1497
(0.013) (0.014) (0.013) (0.020) (0.020) (0.021)
Observations 357 301 273 357 357 306
Note: * p < 0.10, ** p < 0.05, *** p < 0.01. Estimates weighted by population. Standard errors in parentheses are clustered at the state-level. Samples
include all states and Washington, D.C. for the years 2010-2016, except for columns (2) and (6). In column (2), Maine, Tennessee, and Wisconsin are
excluded from the control group, and Delaware, Washington, D.C., Massachusetts, New York, and Vermont are excluded from the treatment group. In
column (6), year 2014 is excluded. Each cell corresponds to a separate DID regression that includes all control variables and state and year fixed effects.
34
Table 6: Estimated Welfare Gains of Reduced Crime to Expansion States
Welfare Loss Total Crimes Estimated Implied
Per Crime in Expansion Percentage Annual Welfare Gain
Crime Category (2019 Dollars) States in 2013 Crime Reduction (Millions of 2019 Dollars)
[a] [b] [c] = [a] × [b] × [c]
Aggravated Assault 125,213 422,798 2.92 $1,546
(0.37, 5.47) ($197, $2,895)
Burglary 7,561 1,086,067 3.75 $308
(-0.56, 8.06) ($-46, $662)
Criminal Homicide 10,510,001 8,574 8.13 $7,326
(1.86, 14.40) ($1,674, $12,978)
Motor Vehicle Theft 12,603 452,691 10.4 $593
(1.58, 19.22) ($90, $1,097)
Robbery 49,503 227,797 6.33 $714
(1.23, 11.43) ($139, $1,288)
Total $10,487
($2,054, $18,920)
Note: 95% confidence intervals given in parentheses (based on 1.96 critical value). Welfare loss per crime
estimates taken from Table 5 of McCollister et al. (2010) and inflated by 17% (per the CPI) to 2019 dollars.
Crime reduction estimates and standard errors are taken from Table 4, column (2).
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Figure 1: Medicaid Expansion Effect on Aggregated Crime Categories:





























































































































































































































Figure 3: Medicaid Expansion Effect on Aggregated Crime Categories:
























































































































































































































































































































































































































































































Appendix Table 1: Estimated Effect of the Medicaid Expansion On State-Level Crime Rates: Event Study Result
Dependent variable:
Natural Log of Crime
Rate per 100,000 residents
All States Sample
Property Burglary Larceny Motor Violent Homicide Robbery Assault
(1) (2) (3) (4) (5) (6) (7) (8)
2010*Treatment -0.0278 -0.0406 -0.0333 0.0131 -0.00486 -0.00714 -0.0367 0.00917
(0.019) (0.029) (0.028) (0.045) (0.024) (0.051) (0.031) (0.032)
2011*Treatment -0.00532 0.00398 -0.0109 0.0330 0.0160 -0.00161 0.0102 0.0204
(0.024) (0.035) (0.031) (0.050) (0.021) (0.044) (0.034) (0.025)
2012*Treatment -0.00206 0.00903 -0.00410 0.00115 0.000105 0.0202 0.00222 0.00096
(0.013) (0.021) (0.018) (0.038) (0.013) (0.031) (0.021) (0.014)
2014*Treatment -0.0484* -0.0509* -0.0416 -0.102** -0.0571** -0.0897*** -0.0786*** -0.0400
(0.028) (0.023) (0.029) (0.044) (0.024) (0.034) (0.025) (0.026)
2015*Treatment -0.00708 -0.0205 0.00568 -0.0867* -0.0233 -0.0690 -0.0472 -0.00290
(0.015) (0.024) (0.031) (0.051) (0.018) (0.045) (0.029) (0.019)
2016*Treatment -0.00592 -0.00933 0.000510 -0.0607 0.00118 -0.0518 -0.0128 0.0113
(0.026) (0.038) (0.036) (0.068) (0.033) (0.076) (0.045) (0.036)
P value of Jointly Pre-treatment 0.1889 0.1453 0.2163 0.8414 0.5339 0.8823 0.5538 0.7685
P value of Jointly Post-treatment 0.2422 0.1623 0.2384 0.0754 0.0113 0.0201 0.0040 0.3232
Note: ∗p < 0.10, ∗ ∗ p < 0.05, ∗ ∗ ∗p < 0.01; Standard errors in parentheses are clustered at the state-level. This sample includes all states and Washington D.C.
for the year 2010-2016. Analytic weighted by population. Control variable, year fixed effect, state fixed effect are included in each regression.
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Appendix Table 2: Estimated Effect of the Medicaid Expansion on County-Level Crime Rates: Event Study Result
Dependent variable:
Natural Log of Crime
Rate per 100,000 residents
Contiguous-Border Counties Sample
Property Burglary Larceny Motor Violent Homicide Robbery Assault
(1) (2) (3) (4) (5) (6) (7) (8)
2010*Treatment -0.0138 0.002603 -0.0227 -0.0592 0.0222 0.0135 0.0571 0.00354
(0.020) (0.039) (0.021) (0.063) (0.048) (0.071) (0.048) (0.058)
2011*Treatment 0.0108 0.0319 0.000720 -0.0259 0.000655 -0.0335 -0.0313 0.0105
(0.019) (0.039) (0.017) (0.054) (0.031) (0.055) (0.025) (0.038)
2012*Treatment 0.0127 0.0416 0.000609 -0.0171 -0.0111 -0.0506 0.00237 -0.0136
(0.017) (0.027) (0.020) (0.029) (0.027) (0.064) (0.031) (0.030)
2014*Treatment -0.0384*** -0.0280* -0.0257* -0.138*** -0.0875*** -0.127** -0.128*** -0.0674***
(0.014) (0.016) (0.015) (0.027) (0.017) (0.061) (0.030) (0.020)
2016*Treatment -0.0480** -0.0581 -0.0281 -0.172*** -0.107*** -0.107 -0.0899 -0.0970***
(0.023) (0.041) (0.023) (0.045) (0.028) (0.066) (0.062) (0.032)
P value of Jointly Pre-treatment 0.5038 0.3445 0.4729 0.7239 0.7885 0.8497 0.1158 0.8889
P value of Jointly Post-treatment 0.0181 0.1422 0.2123 0.0000 0.0000 0.0927 0.0004 0.0017
Note: ∗p < 0.10, ∗ ∗ p < 0.05, ∗ ∗ ∗p < 0.01; Standard errors in parentheses are clustered at the state level. Sample includes contiguous-border counties for
the years 2010-2014 and 2016. Weighted by population. Each column presents a separate regression result. Control variables and year and state fixed effects are
included in each regression.
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Appendix Figure 3: Medicaid Expansion Effect After Dropping One State From Sample, by State
Note: All estimates produced by the same model and data as in Table 4, column (2) after excluding observations for the state indicated. Primary estimates are our
main results without eliminating any states.
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Natural Log of Crime Rate per 100,000 residents




Larceny Theft -0.010 -0.00986
(0.018) (0.018)
Motor Vehicle Theft -0.115*** -0.114**
(0.041) (0.044)
Violent Crime -0.058*** -0.0603***
(0.018) (0.015)




Aggravated Assault -0.047*** -0.0476***
(0.018) (0.015)
Police Variables Yes Yes
Observations 306 306
Note: * p < 0.10, ** p < 0.05, *** p < 0.01. Estimates weighted by population. Column
(1) presents actual estimates from Vogler (2017). Column (2) reports estimates obtained
using our preferred specification with the addition of endogenous police expenditure con-
trols and the same sample period used by Vogler, 2010 to 2015. Sample includes all states
and Washington, D.C.. Standard errors in parentheses are clustered at the state-level. Each
of the reported cells correspond to a separate DID regression.
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